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Available online 21 March 2016Environmental Diversity (ED) has been proposed as a potential biodiversity surrogate for use in spatial biodiver-
sity planning. The concept is based on the premise that differences in species composition between areas are
correlated with differences in environmental conditions. If this is true then sites selected to represent the
full range of environmental conditions in an area should provide good coverage of species diversity. This is
potentially significant for conservation planning because environmental data are more easily available while
species distribution data are often incomplete, but empirical tests of ED have been inconclusive. We explored
the value of ED as a biodiversity surrogate using species distribution data from South Africa, focusing on how
implementation affects its performance. We used empirical distribution datasets for birds, butterflies, frogs,
and reptiles as well as artificial species distributions and modeled distributions for butterflies. Our results
show that the form of the underlying optimization model and the number of environmental variables have a
significant effect on the performance of ED while the choice of heuristic procedures for selecting sites has no
significant effect. We conclude that ED can performwell as a biodiversity surrogacy strategy if it is implemented
correctly.






Generalized Dissimilarity Model1. Introduction
Environmental Diversity, or ED, has been proposed as a strategy for
prioritising areas for biodiversity conservation or inclusion in protected
area networks (Faith and Walker, 1996). The underlying concept is
that if a set of areas is selected to provide good coverage of the environ-
mental conditions in the region of interest it will also provide good
coverage of the biodiversity of the region. This is an appealing prospect
because environmental data are easier to obtain than biodiversity data
and because the relationship between biodiversity and environmental
conditions is intuitive for most ecologists. Comprehensive environmen-
tal datasets derived from climate monitoring stations or remote sensing
are readily and cheaply available formost parts of the world (Beier et al.,
2015b), whereas comprehensive species distribution datasets are often
lacking, particularly in the biodiverse tropics (Pimm, 2000) and for
species-rich taxa like arthropods (e.g. Oliver and Beattie, 1996; New,
1998; Ponder and Lunney, 1999; Ward and Lariviere, 2004). Due to
these shortcomings in available biodiversity data, spatial conservation
planning is traditionally based on taxa forwhich relatively good distribu-
tion data are available, typically vascular plants and vertebrate groups
(e.g. Lombard et al., 1999; Fairbanks et al., 2001; Cowling et al., 2003;.
Reyers, 2004). In a spatial biodiversity planning framework these taxa
act as surrogates for overall biodiversity (Margules and Pressey, 2000;
Reyers et al., 2002; Rodrigues and Brooks, 2007). However, there is
often limited congruence in the spatial patterns of biodiversity between
different taxa which limits the efficacy of taxon based surrogates (e.g.
Van Jaarsveld et al., 1998). While conservation prioritization methods
that use these surrogates are well developed and find wide application
(Margules and Pressey, 2000; Sarkar et al., 2006), effective surrogacy
strategies based on environmental data would be valuable for conserva-
tion planning projects (Faith and Walker, 1996; Beier et al., 2015a).
Faith and Walker (1996) described the Environmental Diversity
(ED) strategy as a two-stage process for selecting or prioritising sites
for conservation using environmental data as surrogate for biodiversity
(Table 1). The first stage is to create a distance matrix representing
environmental dissimilarities between all pairs of sites in the region of
interest and the second is to use an optimization procedure to select a
set of sites that is representative of the total range of environmental
conditions. They proposed the p-median optimization model as the
most appropriate description of this problem in mathematical terms.
The p-median procedure originates from operations research and is
typically used for identifying sites for facilities or services such as ware-
houses, schools or hospitals, to service a group of users in an urban area
(Hakimi, 1965; Reese, 2006). The locations of the facilities are termed
supply points and the user locations are the demand points. Sites for
172 I. Engelbrecht et al. / Biological Conservation 197 (2016) 171–179facilities are selected from the set of potential supply points so that the
travel distance of any one user to their nearest facility is minimized. In
the simplest form of ED, distances in the ordination space replace
the geographic distances typically used in p-median problems (see
Reese (2006) or Mladenović et al. (2007) for a formal definition of the
p-median problem) with the result that each selected site is ‘represen-
tative’ of the range of environmental conditions of covered by the
demand points allocated to it. Distances can also be modified to include
weightings for species richness or to represent community turnover
more directly where biotic data are available (see below).
Faith and Walker (1996) noted that the location of sites selected by
p-median procedures would be affected by the underlying distribution
of sites relative to one another in environmental space with more sites
selected in regions with greater densities of demand points (Fig. 1).
In order to maximize coverage of environmental conditions for a
given number of sites they proposed a modification to the p-median
procedure that uses artificial demand points spread uniformly across
environmental space to avoid this problem. They termed this ‘continu-
ous’ ED, and used the term ‘discrete’ ED to refer to the classical case
where sites simultaneously represent demand points and potential
supply points in the p-median procedure.
Despite its conceptual appeal, evaluations of ED using empirical spe-
cies distribution datasets have been inconclusive about its effectiveness
for representing biodiversity (Ferrier and Watson, 1997; Araújo et al.,Table 1
Important concepts regarding Environmental Diversity (ED) and its application as a biodiversi
Concept Description
Environmental Diversity (ED) A strategy for selecting areas for conservation based on me
with an underlying optimization model and a computation
p-median location allocation A methodology from Operations Research used for dete
to supply a demand from a set of users. The model is sp
the sum of travel distances between each user and their
constraints that ensure that each user is allocated to a fa




A methodology for locating facilities that are maximally
objective function maximizes the sum of distances betw
model can be applied in a range of other scenarios (Mar
Discrete and continuous ED ED can take one of two forms based on the way in whic
procedure. In the ‘discrete’ form existing sites are both p
distance matrix is symmetric and includes all pairwise d
of demand points is created to uniformly span the ordin
most likely asymmetric unless the number of demand p
number of sites. The purpose of the artificial grid of dem
procedure to select sites that are evenly spread across th
Heuristics The goal of optimization is to find the best possible solu
In p-median for example this is the solution that best sa
tances. Optimization problems can be computationally d
Heuristic procedures use a number of approaches to sim
finding a solution is feasible, but may sacrifice perfect o




A regression based methodology for estimating commu
conditions and other measures of dissimilarity between
specifically caters for non-linearity of community turno
well as non-linearity of turnover rates along environme
predict community dissimilarity for pairs of sites and pr
patterns in community composition, environmental clas
prioritization and predicting impacts of climate change.
Species Accumulation Index
(SAI)
A method for assessing the performance of surrogates fo
sets of sites selected for conservation. The SAI uses the a
species recovered by a site selection method and the num
curves for random site selection and ‘optimal’ site select
is calculated using the formula (S − R) / (O − R) where
interest, O is the area under the optimal curve, and R is
selection. Positive values indicate that the surrogate rec
random selections. Values closer to one approach optim
species recovery than random selections. Curves do not
sense because each point in the dataset is the result of a
evaluated, but plots do resemble species accumulation c
functions describing those curves can be used.2001, 2004; Hortal et al., 2009). ED appears to select sites that represent
species equally or onlymarginally better than random selections, which
has led to recommendations that it should not be considered as a substi-
tute for other area prioritization methods until the factors governing its
performance are better understood. ED is based on the assumptions that
species show symmetric, unimodal responses to environmental gradi-
ents represented in ordination space (Faith and Walker, 1996; Faith,
2003; Faith et al., 2004), and that species distributions are randomly
located in that space (Faith and Walker, 1996). Araújo et al. (2003,
2004) argued that the poor performance of ED could be attributed to
departures of real species distributions from these assumptions. Species
can show a range of response types across environmental gradients
(Oksanen and Minchin, 2002) and species richness may vary systemat-
ically across gradients (Hawkins et al., 2003; Rodríguez et al., 2005;
Field et al., 2009). Araújo et al. (2001) found that sites selected using ac-
tual species distribution data and the principle of complementarity
were clustered in environmental space rather than spanning it, which
they interpreted tomean that certain habitats harbour disproportionate
levels of diversity and that factors other than environmental conditions
influence species turnover. For example, frog and reptile diversity was
found to be concentrated in the warmer parts of their study region
and much of this diversity was missed by ED selections that sampled
the total range of environmental conditions of Europe in a uniform fash-
ion. They also showed that sites selected using ED tended to excludety surrogacy strategy.
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ecified by an objective function which minimizes
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cility, and that the solution contains exactly p
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spread out from one another across an area. The
een facilities and their neighbours. The same
ti et al., 2013)
Marti et al. (2013), this article
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ation space, and the resulting distance matrix is
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and points is to encourage the p-median
e ordination space.
Faith and Walker (1996),
elaborated in Faith et al. (2004)
tion to a problem from a number of alternatives.
tisfies the objective of minimising travel dis-
emanding if a large number of alternatives exist.
plify the computational complexity so that
ptimality of the final solution to do so. A good
l solution (called a feasible solution), with
Pearl (1984), Hromkoviĉ (2010)
nity turnover as a function of environmental
sites, such as geographic distance. The method
ver with increasing environmental distance, as
ntal gradients. Resulting models can be used to
edictions can be used for mapping spatial
sification, survey site selection, conservation
(Ferrier, 2002, Ferrier et al., 2002,
2007)
r representing other aspects of biodiversity in
rea under the curve fitted to the number of
ber of sites selected, and comparing this against
ion using the species distribution data. The index
S is the area under the curve for the method of
the area under the curve obtained by random
overs greater levels of species diversity than
al selections. Negative values indicate lower
represent species accumulation curves in the true
unique site selection using the method being
urves in form and standard approaches for fitting
Ferrier (2002), Rodrigues and
Brooks (2007)
Fig. 1. Ordination space for South Africa derived from Principal Components Analysis of six environmental variables. Grey shows the locations of all existing sites. 50 sites selected using
different methods are shown with black squares. Ordination represents 83% of the variation in the six original environmental variables summarized by the first two component axes.
173I. Engelbrecht et al. / Biological Conservation 197 (2016) 171–179marginal species (species at their range edges in the study region), alien
species, and species with limited dispersal capacity. These species are
unlikely to occupy all environmentally suitable areas within a region
and they proposed that the performance of ED would also be related
to the degree to which species distributions are at equilibrium with
environmental conditions.
Faith (2003, 2011) and Faith et al. (2004) argued that the apparent
poor performance of EDmay have been the result of flawed implementa-
tion of the underlying optimization procedure for selecting sites, or of in-
adequacies in themethods used to quantify environmental dissimilarities
between sites. They advocated for combining available species and
environmental data to maximize the performance of the ED, suggesting
Generalized Dissimilarity Modeling (GDM, Ferrier et al., 2007, see Faith
and Ferrier, 2002) as one way for doing so. They also indicated that
environmental dissimilarity matrices could be weighted to cater for
variable species richness to improve the performance of the EDprocedure.
Beier andAlbuquerque (2015) have subsequently shown that EDprovides
significant improvements over randomsite selections, using data from the
same regions and for the same taxa as the study by Araújo et al. (2001) as
well as others, when the continuous form of ED is properly implemented.
Arponen et al. (2008) developed a strategy called Maximization of
Complementary Richness (MCR) which makes use of predicted turn-
over from GDM models as well as predicted species richness to select
sites in a way that mimics the principle of complementarity by using
these ‘emergent’ measures of biodiversity (Ferrier, 2002) and found
that this approach was significantly better than ED in a simulation
study. However, their implementation of ED was based on the same
optimization procedure as previous empirical studies and may have
suffered similar shortcomings, and may not provide an accurate repre-
sentation of the capability of the relative abilities of these two methods
as a result. Also, Faith (2016) argued that MCR is largely conceptually
similar to ED, and that differences in themodel degrade its performance
rather than improve it.ED may be a valuable surrogacy strategy for conservation planning
but implementation issues need to be separated from criticism of the
underlying assumptions, and a suite of empirical studies is required to
understand the merits and shortcomings of the methodology. The aim
of the study presented here was to assess the performance of ED using
several new empirical datasets from South Africa and to investigate
how various aspects of implementation might affect its performance.
South Africa has a rich history of biodiversity conservation (Balmford,
2003) and regional scale species surveys (Robertson et al., 2010).
Using species distribution datasets from this region, as well as artificial
and modeled species distribution data, our aims were to assess:
1) how the choice of the optimization model affects the performance
of ED, 2) whether the form of heuristic used to select sites is an impor-
tant consideration in implementing ED, 3) the effect of weighting
distances using species richness, 4) whether including additional
environmental variables affects the performance of ED, and 5) whether
using GDM models to combine species and environmental data to
produce distance measures improves ED selections.
2. Methods
2.1. Empirical data
Weused species distribution datasets for birds, reptiles, amphibians,
and butterflies in South Africa for this assessment (Harrison et al., 1997,
2008; Minter et al., 2004; Mecenero et al., 2013; Bates et al., 2014).
These datasets have been developed from extensive, formalized atlas
projects coordinated largely by the Animal Demography Unit of the
University of Cape Town and the South African National Biodiversity In-
stitute, and are the most comprehensive faunal species distribution
datasets available for the country. The datasets include sighting records,
museum specimen records, and photographic records submitted by the
general public to an online Virtual Museum (http://vmus.adu.org.za).
174 I. Engelbrecht et al. / Biological Conservation 197 (2016) 171–179The data were extracted on the 26th February 2013 and include 6 428
082 records for 791 bird species, 355 062 records for 657 butterfly
species, 42 238 records for 122 frog species, and 131 325 records for
468 reptile species.
The assessment was conducted at the quarter degree square (QDS)
scale to provide a common baseline for comparison across different
datasets. QDSs are a standardized grid of areas approximately
20 km × 20 km in size and commonly used in large scale biogeographic
analyses in South Africa. Only QDSs that fell largelywithin the boundary
of South Africa were included in the analysis, resulting in 1816 QDSs in
total. The data for each taxon were used to create a community matrix
representing presence and absence of each species within each QDS.
Atlas data are generally the result of non-systematic survey
effort and exhibit varying degrees of geographic sampling bias and
completeness (Robertson et al., 2010; Yang et al., 2013). To assess the
performance of ED without these confounding factors we simulated
species geographic ranges in the same region and at the same scale as
the atlas data. Artificial species ranges were based on an environmental
envelope concept. Between one and four environmental variables were
selected randomly from a climatic dataset (see Distance Matrices
below) and used as the basis for a species envelope. Suitability thresh-
olds were specified for each variable by selecting a median value from
within the range of the variable and a proportion of between 0.1 and
1.0 of the total range of the variable around the median. QDS's that fell
within the thresholds for the selected variables were then identified
as suitable for the species. We repeated this procedure to create 500
artificial species ranges. Only distributions that covered 0.1% (i.e. 181
QDSs) to 90% of all QDSs were included in the dataset. While this pro-
cess is entirely random our results showed patterns of species richness
that conform to real species richness patterns for many taxa in South
Africa (i.e. higher richness in the moister, more topographically diverse
eastern and southern parts of the country), and the resulting range-size
frequency distribution was strongly right-skewed. This conforms with
general range-size frequency distributions for real taxa (Gaston, 2003)
and neutral community assembly processes (Hubbell, 2001). This
approach also avoids circularity in the initial ED assessment, as different
combinations of variables are used for each species and these are not the
same as the variables used to create environmental distances for ED
selections.
In addition to this artificial datasetwe usedmodeled species distribu-
tions for butterflies based on the butterfly atlas data used (Mecenero
et al., 2015). The modeling procedure used environmental correlates
for species occurrence to predict total distributionswhile simultaneously
correcting for sampling biases in the atlas data. This procedure produced
probabilities of occurrence in each QDS for each species, whichwe trans-
formed to presence and absence by finding the probability threshold
that contained 90% of observed occurrence records. While the artificial
distribution dataset was based on randomly generated distributions,
the modeled butterfly distribution dataset would presumably include
the effects of additional factors such as biogeographic and evolutionary
history, ecological effects, and disequilibriumwith environmental condi-
tions, at least to some degree.
2.2. Assessing implementation of ED
We assessed several approaches for selecting sites using environ-
mental dissimilarities to compare how implementation details affected
their performance in recovering species diversity.Wedrew a distinction
between the class of optimization model used to represent the goal of
ED and the underlying heuristic computational procedure used to
solve those models. We implemented both the ‘discrete’ and ‘continu-
ous’ forms the p-median optimization procedure as well as a modified
form of the maximum diversity problem (Marti et al., 2013). The
maximum diversity approach is described by a model where the sum
of distances between them is maximized (the formal mathematical
notation is provided in Marti et al., 2013). The optimization modeldoes not include demand points as is the case with p-median models.
In initial investigations we found that the standard form of maximum
diversity created clusters of sites that were widely dispersed from one
another in ordination space. We thus developed an alternative model
that produces a more even spread of sites through ordination space by
using the inverse of the square of distances between sites. This model
was tested on several geographic distance matrices as well as environ-
mental matrices (see Fig. 1) and found to produce an outcome very
















where n is the total number of sites available for inclusion in the set of
selected sites, i and j are the indices of individual sites,wi andwj are op-
tionalweighting factors for sites i and j respectively, d is the dissimilarity
measure between pairs of sites, x is an allocation variable indicating
whether a site has been selected or not, and m is the total number of
sites that must be selected.
We used climate data from the Climond global dataset (Kriticos
et al., 2012) to produce environmental distance matrices for the ED
procedures. This dataset consists of 35 climatic variables covering
temperature, rainfall, solar radiation, and seasonality conditions, at a
10′ resolution. We selected five variables to match those used by
Araújo et al. (2001) as closely as possible. They were: average tempera-
ture in the warmest and coldest quarters, moisture index in the driest
and wettest quarters, and annual precipitation. We also included
elevation, which was obtained from GTOPO30 digital elevation model
with 1 km resolution (Gesch et al., 1999). These six variables were
resampled to match the extent, placement and resolution the QDSs in
South Africa using ArcGIS v10 (ESRI, 2013). We used principal compo-
nents analysis to reduce collinearity amongst the variables and created
an ordination space from the first two components, which were identi-
fied as significant using the broken stick method (Jackson, 1993), and
which accounted for 73% of the variation of all six variables included.
To create a distancematrix for the ‘discrete’ p-median procedure we
calculated inter-site Euclidean distances using the site scores for each
QDS along the first two principal components. For the ‘continuous’
form of ED we created an artificial grid of demand points by dividing
the total range of site scores for each principal component into nine
equal intervals and placing demand points at the intersections of the
end points of those intervals. Thus the artificial demand point grid
contained 100 equally spaced points. Euclidian distances between
these demand points and the QDSs were calculated to produce the dis-
tance matrix. In each matrix potential supply points were represented
by rows, and demand points by columns. Our method for creating
artificial demand points for ‘continuous’ ED differed slightly to that
described in the literature in that we did not use a convex hull to limit
the grid to the portion of environmental space occupied by the QDSs
(see Faith et al., 2004: Fig. 1). However, our results suggested that
our approach was sufficient for producing site selections that spanned
the environmental space adequately. For the modified maximum
diversity procedure we used the same distance matrix as for the ‘dis-
crete’ p-median procedure.
Finding solutions to optimization problems requires the use of heu-
ristic computation procedures for practical reasons (Table 1). Heuristics
can be broadly divided into iterative and simultaneous procedures.
Iterative procedures add or remove sites from a solution (called greedy
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ed. At each step, the site that produces the best improvement in the
optimization model is added or removed. Simultaneous procedures
start with a set number of sites, often chosen at random, and exchange
selected and unselected sites to find improved solutions. Each exchange
is influenced by the locations of all of the other sites in the set and there-
fore the most profitable swap can be found for each exchange and the
set is improved as a whole. Incremental procedures can produce
solutions that are as good as solutions from simultaneous procedures
but because each addition or removal occurs without knowledge of
later changes they can also produce very poor final solutions (Underhill,
1994).We used one greedy site selection heuristic and two simultaneous
heuristics (Table 2) to assess whether the form of the heuristic had any
significant effect on the performance of ED.
We used the Species Accumulation Index as a framework for
assessing the performance of ED for recovering species diversity (SAI,
Ferrier, 2002; Rodrigues and Brooks, 2007, Table 1). We ran site selec-
tions for 100 samples sizes (i.e. the number of sites to be selected)
between 2 and 600 sites (representing up to approximately 30% of the
total area) and fitted Weibull functions (Flather, 1996) constrained to
pass through the origin. Optimal site selections were obtained using a
greedy algorithm that adds sites sequentially based on the maximum
number of new species that will be represented with each site added.
It is important to represent variability in the performance of site selection
procedure to get an indication of the likelihood that it will perform well
in practical applications where only a single selection is performed. The
most appropriate measure of variation for the SAI remains to be identi-
fied (Rodrigues and Brooks, 2007) soweused themedian as themeasure
of central tendency with the interquartile range and the 5th and 95th
percentiles to indicate variation in the performance of ED. The results
are presented graphically using boxplotswhere values above themedian
represent upper values for site selections using ED compared to lower
values for random site selections, and vice versa for values below the
median. Curves were fitted to each percentile using nonlinear quantile
regression with the R package quantreg (Koenker, 2015) and areas
under the curves were found with integration.
2.3. Improvements to ED
The first stage of our analysis was intended to assess how the imple-
mentation details of ED affected its performance. Using the lessons
learned there we then investigated how the ED strategy might be opti-
mized for application in conservation planning by including additional
environmental variables or using GDM models to produce distance
matrices that better represent community turnover. We createdTable 2
Descriptions of the heuristic procedures applied in this assessment of Environmental Diversity
Heuristic Abbreviations Description
Interchange swap A simultaneous heuristic that calculates exact chan
result of interchanging selected and unselected site
produce the largest improvement in the objective f
until no profitable interchange exists. The algorithm
re-uses information from one iteration to the next
performance.
Greedy algorithm greedy An iterative heuristic that first selects a site at rand
that will produce the greatest decrease in the objec
until the desired number of sites is obtained.
Simulated annealing SA A simultaneous heuristic that simulates the cooling
escape from local optima while searching for a glob
temperature parameter determines whether sites c
even if they will produce an increase in the objectiv
reduced as the algorithm proceeds. The algorithm c
remembering the best solution found as it proceeds
that may ultimately lead to better solutions. The pr
of iterations or until another stopping rule is satisfi
temperature parameter of 1000, and decreased this
found that 500 iterations were generally sufficientdistance matrices using principal components analysis with all of the
environmental variables in the Climond dataset, as well as altitude,
latitude and longitude. Broken stick analysis showed four significant
components accounting for 92% of the variation in original variables.
We used these four variables to calculate Euclidean distances between
sites for the ED procedure.
To develop GDMs for each taxon we first selected a subset of rela-
tively well sampled sites for each empirical dataset. Our procedure for
identifying these sites was based on the assumption that differences in
species richness between environmentally similar sites (sites that are
close together in ordination space) are a reflection of sampling bias
rather than actual differences in species richness (Robertson and
Barker, 2006). Therefore sites with the highest species richness relative
to their neighbours in ordination space should be the best sampled and
most representative of community composition. We used a moving
window to identify well sampled sites in ordination space. The moving
window had dimensions of 0.1 times the length of the principal compo-
nent axes andmoved over the ordination space in step sizes of 0.5 times
the window size. At each step the site with the highest richness within
thewindowwas identified. All the sites thatwere identified by themov-
ing window where then plotted along the first two ordination axes
using a grey scale to indicate their relative species richness values and
a final subset was chosen by visual inspection. For artificial species
and modeled butterflies we used 200 randomly selected sites as there
is effectively no sampling bias in these datasets. GDM's were produced
in R using the gdm.fit function in the GDM_R Distribution_Pack_V1.1
available at https://sites.google.com/site/gdmsoftware/, using the
default input parameters. All environmental variables in the Climond
dataset, and geographic distance between QDSs, were included as
predictors. The GDM procedure identifies a subset of significant
environmental variables, and produces plots of predicted community
turnover rates as a function of each of those variables. We inspected
these plots to identify variables that had relatively low effects on turn-
over and removed them from the models by running the modeling
procedure againwith the remaining variables. In all cases this improved
the fit of the models. The GDMs were then used to predict community
dissimilarity for all pairs of QDSs for use in the ED procedure.
Finally we assessed whether weighting predicted community dis-
similarity from the GDM models with predicted species richness had
any effect on performance. We used the same set of well sampled
sites identified for each taxon andmodeled richness as a function of en-
vironmental conditions using generalized linear models with a Poisson
error distribution and log link function. Richness was predicted for all
QDSs using the resulting models and distances between sites were
weighted multiplicatively using the results.(ED) as a biodiversity surrogacy strategy. Abbreviations presented here are used in Fig. 1.
References Implementation
ges in the objective function as a
s. The interchange that will
unction is made at each iteration




R (R Core Team, 2013)
and C++ using Rcpp
(Eddelbuettel and
Francois, 2011)
om and then finds the next site
tive function. This is repeated
Reese (2006),
Mladenović et al. (2007)
R (R Core Team, 2013)
process of metallic materials to
ally optimal solution. A
an be included in the solution,
e function, and is gradually
onverges on a solution by
and exploring poorer solutions
ocess continues for a set number
ed. We used a starting
by 25% every 20 iterations. We




176 I. Engelbrecht et al. / Biological Conservation 197 (2016) 171–179We applied the modified maximum diversity procedure with a
greedy site selection heuristic to each of the distance matrices using
the same numbers of sites as we did for the earlier analysis. We used
the SAI to evaluate the results but only presentmedian values as relative
performance of the different methods was of primary interest in this
case, and because the degree of variation in each case was similar to
the previous analysis.3. Results
Our analysis of the importance of the form of the optimization prob-
lem describing ED and the heuristic used to select sites showed that
in all cases ED outperformed random site selections with median SAI
values ranging from0.1 to 0.6 (Fig. 2). In all cases exceptmodeled distri-
butions for butterflies the ‘continuous’ p-median and modified maxi-
mum diversity clearly outperformed ‘discrete’ p-median selections.
‘Continuous’ p-median andmodifiedmaximumdiversity produced sim-
ilar results in all cases. There appeared to be no significant effect of the
heuristic applied with greedy and interchange procedures producing
similar results for each class of optimization problem. The largest SAI
values (N0.5) were obtained for the artificial species distribution. The
lowest values were for reptiles with values of 0.10 and 0.13 using the
discrete p-median and 0.26–0.31 for the ‘continuous’ p-median ormod-
ified maximum diversity.Fig. 2. Performance of ED using different optimization models and heuristic computational pro
Table 2. Horizontal bars indicate median SAI values, boxes indicate the interquartile range, and
of species recovery by ED than random site selection. Boxplots provide an indication of the r
discr — ‘discrete’ p-median; cont— ‘continuous’ p-median; maxdisp — modified maximum divThe boxplots presented in Fig. 2 give an indication of the likelihood
of a single ED selection recovering fewer species than a single random
selection for a particular sample size. In several cases the whiskers for
the SAI extend below zero, indicating that the worst ED selections
recover fewer species that the best random site selections. Where
lower quartiles extend below zero (corresponding with median SAI
values closer to zero) a larger proportion of ED selections perform
poorly compared to random site selections. For all taxa except modeled
butterflies, the interquartile range of SAI for the ‘continuous’ p-median
andmodifiedmaximumdiversity were above zero indicating a relative-
ly low probability of random selections outperforming ED selections.
Table 3 shows the relative performance of ED selections when more
environmental variables are considered and when environmental and
species data are combined using GDMs. In all cases using predicted
dissimilarities from GDM models or distances derived from the larger
set of variables produced large increases in SAI values compared with
selections based on six environmental variables. Median SAI values
ranged from 0.44 for reptiles to 0.81 for frogs. SAI values for selections
using predicted distances from GDMs were lower than selections
using all raw environmental variables in all cases except reptiles,
where they were comparable. The results for selections based on
distances predicted from GDMs together with predicted richness were
inconsistent. SAI values were much lower for artificial species and
modeled butterflies when richness was combined with predicted
distances, but the effect was minor in other taxa. The values for thecedures using the Species Accumulation Index (SAI, Table 1). Heuristics are presented in
whiskers indicate the 0.05 and 0.95 percentiles. Values above zero indicate higher levels
ange of potential performance of ED. Abbreviations for optimization models are follows:
ersity (dispersion).
Table 3
Median Species Accumulation Index (SAI) values for site selections using modified maxi-
mumdispersion with various distance measures. Site selections using EDwere based on a
subset of six environmental variables from the Climond dataset, the total set of Climond
variables together with elevation and geographic coordinates, predicted community dis-
similarity derived from Generalized Dissimilarity Models (GDM) and the same predicted
dissimilarity values weighted with species richness. Values closer to 1 indicate species re-
covery similar to complementarity based selections using raw distribution data, while
values closer to zero indicate species recovery similar to random site selection.
Taxon 6 variables All variables GDM GDM + richness
Artificial species 0.60 0.76 0.76 0.41
Birds 0.42 0.61 0.57 0.60
Modeled butterflies 0.41 0.69 0.49 0.25
Butterflies 0.46 0.65 0.53 0.50
Frogs 0.51 0.81 0.71 0.61
Reptiles 0.26 0.44 0.47 0.49
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transformed intercept values were between 0.01 and 0.24. These values
suggest good models of compositional dissimilarity for the input data.
There was no significant correlation between deviance explained for
the GDMs and the SAI values for ED selections based on those models
(Spearman rank correlation coefficient: 0.14, P = 0.80).
4. Discussion
Our goal with this study was to evaluate how ED performs as a
surrogate for biodiversity in systematic conservation planning, and spe-
cifically how technical aspects of its implementation may influence its
performance. Our results show that the most important consideration
for implementation of ED is the choice of underlying optimization
problem. Our results show the ‘continuous’ form of ED outperforms
the ‘discrete’ form for recovering species diversity, supporting the argu-
ments put forward by Faith (2003); Faith et al. (2004) and Faith (2011)
that poor performance of ED in previous studies may be attributable to
incorrect choice of the underlying model. Site selections must be
independent of varying densities of sites in environmental space,
which is not the case with ‘discrete’ ED. Using ‘continuous’ ED mini-
mizes redundancy in the set of environmental conditions represented
in selected sites (Fig. 2). Since the objective of ED is to maximize
coverage of environmental conditions, and not servicing demand from
a set of users as in the sense of the classical p-median location problems,
demand must be formulated accordingly to produce uniformly
distributed sets of sites using p-median selection procedures. Our new
implementation of ED using a modified form of maximum diversity
arguably represents a better choice of underlying optimization model
than p-median location allocation. Artificial demand points are not
required as in ‘continuous’ ED, so an ordination space does not need to
be created in cases where environmental distances are calculated
directly. Selected sites interact with each other in the selection proce-
dure independently of the relative locations of unselected sites and so
selections are not influenced by varying densities of sites in environ-
mental space. Given that this approach produces very similar results
to ‘continuous’ ED we propose that it should be the method of choice
for ED applications.
Our comparison of the various heuristic procedures assessed
showed that the form of the heuristic applied does not significantly
affect performance. Importantly, simultaneous heuristic procedures
are not essential. This means that the choice of heuristic can focus on
practical considerations such as ease of implementation, computation
speed, and specific requirements of the problem at hand. For example,
the greedy site selection procedure can be used in situations where
the order in which sites will be added to a protected area network is
an important consideration (Margules and Pressey, 2000). In conserva-
tion planning projects additional protected areas are likely to be added
to a protected area network incrementally and the number of protected
areas that will ultimately be created will always be uncertain. Realworld conservation planning ismore likely to proceed in a ‘greedy’ fash-
ion than a theoretically more optimal, ‘simultaneous’ fashion (Pressey
et al., 1996), so greedy procedures, and optimization models that
perform well, may present some benefits.
Although mean SAI values were always significantly greater than
zero, they were lowest for reptiles where distributions are known to
be strongly affected by dispersal limitations (Williams et al., 2000;
Crnobrnja-Isailovic, 2007; Qian, 2009; Qian and Ricklefs, 2012). This
might lend some support to the propositions by Araújo et al. (2001,
2003, 2004) and Hortal et al. (2009) that the performance of ED will
be determined by the degree to which species distributions are
influenced by biotic and biogeographic factors and consequently their
degree of disequilibrium with environmental conditions. However,
higher SAI values were obtained for butterflies and frogs where these
factors also play a role, and lower values were obtained for birds
where dispersal limitation is likely less than it would be for butterflies,
and certainly so for frogs. Why would ED selections perform better for
butterflies and frogs but not for reptiles or birds?We found no relation-
ship between the deviance explained by the GDMs for each taxon,
whichmight indicate the degree to which distributions are determined
by environmental factors, or the range-size frequency distribution for
each taxon, and performance of ED. While this certainly presents an
opportunity for further research it might suggest that the performance
of ED will depend on idiosyncrasies of the taxon under consideration,
the dataset used for evaluation, and factors related to the specific region
of interest.
Understanding the importance of the other factors we investigated
on the performance of ED ismore complex than the effect of the optimi-
zation problem and heuristic used to solve it (Table 3). We found the
greatest increase in ED performance when we included the total set of
36 environmental variables with geographic coordinates to produce
distances for ED selections. Whether this improvement was the result
of increased variation represented by the distance matrix and thus a
greater capacity for discrimination between sites in the selection
process, or inclusion of the important variables influencing turnover
patterns in biodiversity in the region, is difficult to determine. Beier
and Albuquerque (2015) used different numbers of variables for the dif-
ferent regions their empirical datasets came from but didn't specifically
examine the relationship between the number of variables and the
performance of ED. They selected the individual variables that were
most correlated with each significant principal component axis for
their analysis. Our results suggest that using principal components
derived from all available environmental data as well as geographic
distance to produce distance matrices is also a viable approach.
The results we obtained from using GDMs to combine environmen-
tal and species data for ED selections were disappointing, and do not
support the suggestions by Faith (2003); Araújo et al. (2003), and
Faith et al. (2004) that this would be the ideal approach for using ED
as a surrogacy strategy. However, these results must be interpreted
with caution. Theoretically, ED selections based on distances that accu-
rately represent compositional turnover between sites should result in
very high rates of species recovery. The original intent of ED was to
use environmental turnover between sites as a surrogate for species
compositional turnover. GDMs refine this by providing predictions of
compositional dissimilarity based on environmental conditions and
other variables such as geographic distance in a rigorous statistical
framework, and so should produce distances that better reflect turnover
than distances derived from environmental data directly. The problem
is that GDM predicts dissimilarity only, whereas maximising species di-
versity relies on the concept of complementarity of species composition
between sites (Arponen et al., 2008). Complementarity is a function of
both turnover and species richness. Arponen et al. (2008) showed that
including species richness was essential to maximize species diversity
from site selections when using distances derived from GDM. However,
whenwe combined species richnesswith our GDM results performance
decreased in almost all instances. This might be because site selections
178 I. Engelbrecht et al. / Biological Conservation 197 (2016) 171–179were biased towards poorly sampled regions in the empirical datasets
thus giving a poor indication of real performance of this approach, but
the same results were obtained for the artificial species dataset where
this problem does not exist. This suggests a fundamental underlying
difference between using raw environmental dissimilarities as a surro-
gate for turnover in biodiversity, and using measures that represent
compositional turnover between assemblages directly. Our approach
appears to work well with environmental distances, while alternative
models may be more appropriate when using metrics of community
dissimilarity and species richness.
Our analysis was performed at a relatively coarse spatial scale
to match the scale of the available distribution datasets. We did not
specifically assess the impact of scale on the performance of ED. Also,
conservation planning projects are likely to take place at finer spatial
scales than the QDS scale. The impact of scale on the performance of
ED needs to be addressedmore specifically if ED is to beused in practical
applications. We expect that species accumulation curves will be flatter
atfiner spatial resolutions as a consequence of the species-area relation-
ship, and that the abundance frequency distribution of the focus taxon
might influence the shape of the curve too. The absolute performance
of ED in these situations will depend on their influence on random
site selections, and also on the appropriateness of the chosen environ-
mental variables at the scale of interest (Leibold et al. 2004; Williams
et al. 2012).
5. Concluding remarks
Conservation planning is a complex process that requires much
more than simply identifying sets of siteswith complimentary biodiver-
sity. Other considerations include the spatial configuration of those
sites, probabilities of species occurrence or persistence at selected
sites, inclusion of ecological processes, the distribution and nature of
threats to biodiversity, available resources for conservation, and others
(e.g. Rouget et al., 2003, 2006; Wilson et al., 2005, 2009; Naidoo et al.,
2006). Representing biodiversity remains central to any systematic con-
servation planning initiative though, and the results of our assessment
suggest that the ED strategy has the potential to play a valuable role in
this process. The best SAI values we obtained are comparable with SAI
values for taxon based surrogates and are higher than values for envi-
ronmental surrogates reported in a review of surrogate effectiveness
by Rodrigues and Brooks (2007), making ED an important competitor
for other surrogacy based approaches. Our results compliment the
recent study by Beier and Albuquerque (2015) which also showed
significant potential for ED as a surrogacy strategy. Further research is
needed using a range of empirical datasets for different taxa, different
geographic regions and different spatial scales to fully understand the
value of ED as a surrogacy strategy for conservation planning. In addi-
tion, clarification of the conceptual terminology used in further research
on ED is required (Table 1). It is important to drawadistinction between
the optimisation model, the computational procedure used to find
solutions for that model, and the nature of the distance matrix that is
being used. There remains scope for improvement in all three of these
components of the ED strategy.
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